Abstract
Introduction

56
Microbial communities in natural and host-associated environments commonly harbour a mix 57 of bacteria, archaea, viruses and microbial eukaryotes. Bacterial diversity has been extensively 58 studied with high-throughput sequencing (HTS) targeting 16S rDNA markers (Caporaso et al. 2011 ; 59 Taberlet et al. 2012 ). However, these do not amplify eukaryotic sequences, and our knowledge on the 60 diversity and distribution of microbial eukaryotes is limited (Bik et al. 2012; Norman et al. 2014) . 61
Although there is an increasing number of studies using eukaryotic-specific markers, these are 62 relatively uncommon and face multiple methodological limitations (Piganeau et al. 2011; Marcelino 63 and Verbruggen 2016). The problematic amplification step can be bypassed by sequencing the total 64 DNA (metagenome) or RNA (metatranscriptome) in a sample to characterize all the genes contained 65 or expressed within it. Metagenomics and metatranscriptomics are promising tools to bridge the 66 knowledge gap in the diversity of microbial eukaryotes because they are essentially kingdom-67 agnostic, are less susceptible to amplification bias, and yield a large set of genes that can be used for 68 taxonomic identification. 69
Multiple software packages have been developed to reveal the species composition of 70 metagenomic samples (reviewed in Breitwieser et al. 2017) . While well-known bacterial species can 71 be easily identified at the species and strain levels (Truong et al. 2015 ; Scholz et al. 2016) , it remains 72 challenging to obtain a fine-grained taxonomic classification of lesser-known species and microbial 73 eukaryotes (Sczyrba et al. 2017 ; Nilsson et al. 2019) . Many of the current metagenomic classifiers 74 assign a taxonomy to each short sequence read individually (Breitwieser et al. 2017 ). However, as 75 closely-related species share very similar or identical genome portions, short reads often map to 76 multiple species in the reference data set. Some metagenomic classifiers, like MEGAN (Huson et al. 77 2007) and Kraken (Wood and Salzberg 2016) , address this issue by calculating the lowest common 78 ancestor (LCA) among all species sharing those sequences. Paradoxically, this classification strategy 79 is negatively affected by the increasing size of reference databases: as identical regions in reference 80 databases become more common, fewer reads can be classified at the species level (Nasko et al. 81 2018). Other classifiers use a database of clade-specific diagnostic regions (e.g. Truong et al. 2015) . 82
While highly accurate, this procedure relies heavily on reference databases of complete genomes, 83 which often cannot be readily updated by the end-user. Complete genomes are available for only a 84 small fraction of the microbial eukaryotic species. For example, as of April 2019, the widely used 85 4 NCBI RefSeq database contained 285 fungal genome sequences, even though it is estimated that 86 there are over 2 million species of fungi (Hawksworth and Lucking 2017) . Therefore, relying on these 87 databases of complete genomes restricts the inclusion of microbial eukaryotes in metagenome 88 studies. 89
A recently-developed concept in read mapping -the ConClave sorting scheme, implemented 90 in the KMA software (Clausen et al. 2018 ) -is more accurate than other mapping strategies as it 91 takes advantage of the information from all reads in the data set (Figure 1 ). Our goal was to use this 92 approach to produce an accurate metagenomic classification pipeline that will allow the inclusion of 93 microbial eukaryotes in metagenomic studies. We present a novel tool -CCMetagen (ConClave-94 based Metagenomics) -to process KMA sequence alignments and produce highly accurate 95 taxonomic classifications from metagenomic data. We benchmark CCMetagen using simulated fungal 96 and bacterial metagenomes and metatranscriptomes. Additionally, we use two case-studies with real 97 biological data to demonstrate that CCMetagen effectively produces a comprehensive overview of the 98 eukaryotic and prokaryotic members of microbial communities. 99 100 101
Results
102
Implementation and availability 103
Metagenomic reads (or contigs) are first mapped against a reference database with KMA (Clausen et 104 al. 2018 ), which implements the ConClave sorting scheme for better-informed and highly accurate 105 alignments ( Figure 1 ). CCMetagen is then used to perform quality filtering and produce taxonomic 106 classifications that can be explored in text or interactive visualization formats (Krona plots -Ondov et 107 al. 2011). Our pipeline uses the NCBI taxonomic database (taxids) to produce ranked and updated 108 taxonomic classifications, so that the ever-changing species nomenclature issue is minimized 109 (Federhen 2012) . CCMetagen yields classifications at a taxonomic level that reflect the similarity 110 between query and reference sequences. This ranked classification means that the method is able to 111 identify species that have only distant relatives in reference databases (e.g. set when using the RefSeq-bf and nt reference databases (Supplemental figure S2 ). The species-173 level recall of Kraken2 decreased when using the nt database. CCMetagen recovered between 50% 174 and 100% of the species when used with RefSeq-bf and nt databases (Supplemental Table S1 ). 175
The fastest processing time was achieved by Kraken2 (Table 1) . The combined CPU time of 176 KMA and CCMetagen (i.e. the CCMetagen pipeline) was faster than Centrifuge and KrakenUniq when 177 using the whole NCBI nt database, but it was the slowest approach when using the RefSeq database. 178
The KMA indexing of the nt database was limited to only include k-mers with a two-letter prefix, which 179 on average corresponds to only saving non-overlapping k-mers. This prefixing substantially increases 180 the speed and could also be applied to the RefSeq database if faster processing time is required 181 (Supplemental Materials). When the NCBI nt data set was used, CCMetagen required ~ 15min to 182 process a sample (~5GB, 7.8M reads on average). 183 184 Table S3.  223   11   224 As this data set contains the same 15 fungal species as those simulated in silico, it is possible 225 to tease apart classification errors from laboratory-related confounders such as contamination. 226 Accordingly, we were able to retrieve all 15 species when using the in silico data set, suggesting that 227 the two false-negatives (Schizosaccharomyces pombe and Debaryomyces hansenii) were missing 228 due to laboratory-related issues, such as RNA extraction biases, gene [under] expression and 229 imprecise cell counts. We also identified seven times more false-positives in the seeded fungal 230 metatranscriptome (44 species, while the simulated data yielded only 6). These additional 38 species 231 were present at low abundance and most likely represent reagent and laboratory contaminants ( Scarce reference data pose a major challenge to study any microbial system that is less well-271 studied than the human gut. Some of the methods with reportedly high accuracy rely heavily on 272 reference databases of complete or near complete genomes. KrakenUniq, for example, showed 273 relatively high precision and recall when using the RefSeq-bf database, which contained the complete 274 genomes of all species in the test data set. However, when KrakenUniq was tested with an 275 incomplete reference database (RefSeq-f-partial), the number of false positives increased, on 276 average, from 51 to 221 species. This likely happens because it is relatively easy to identify a species 277 that is present in the reference database, while it can be challenging to identify the closest match in 278 the absence of a perfectly matching reference sequence. In the latter case, when reads are classified 279 individually, multiple reference sequences can have identical levels of similarity, leading to a high 280 number of false-positives. This is an obvious problem when working with microbial eukaryotes, for 281 which very few complete genomes are available. 282
One of the many advantages of metagenomics is that it enables the detection of novel and 283 rare microbes. Being able to distinguish between known and novel microorganisms in metagenomic 284 data sets is a desirable feature possessed by surprisingly few metagenome classifiers. Some of these 285
classifiers (e.g. MEGAN and Kraken) use the lowest common ancestor between all reference 286 sequences that match the query sequence. The accuracy of these taxonomic classifiers tends to 287 decrease as reference databases get populated with closely-related taxa (Nasko et al. 2018 ) and, 288 paradoxically, well-known taxa can be classified at higher taxonomic ranks than rare or novel ones. 289
CCMetagen classifies taxa at the lowest common ancestor that reflects the genetic similarity between 290 the query and the reference sequence. As rates of molecular evolution can vary substantially among 291 genes and species, it is currently not feasible to set a universal sequence similarity threshold that 292 works equally well for all organisms and genes. By default, CCMetagen uses similarity thresholds 293 previously determined for fungi (Vu et al. 2016; Vu et al. 2019 ). Importantly, CCMetagen allows the 294 user to easily set different similarity thresholds or disable the threshold-filtering step entirely. While 295 this strategy also has limitations, it is a better alternative to the reference-dependent method of 296 calculating LCAs, even when using the default thresholds for bacterial classifications (Figure 3) . 
Reference databases 339
We used three reference databases: (i) "nt" -the NCBI nucleotide collection; (ii) "RefSeq-bf", 340 containing curated genomes of fungi (all assembly levels) and bacteria (only complete) in NCBI 341
Reference Sequence Database; and (iii) "RefSeq-f-partial", which is a subset of RefSeq-bf, containing 342 only part of the fungal species in our test data sets. The RefSeq-f-partial database was built to assess 343 how the programs perform when reference databases are incomplete, for example, when dealing with 344 species without reference genomes. Fifteen species were removed, resulting in a database that 345 contained 15 of the 30 species in the fungal metagenome sample, and 7 of the 15 species in the 346 metatranscriptome sample (species removed from this data set are detailed in Supplemental Table  347 S5). Details about databases download and indexing can be found in the Supplemental Material 
CCMetagen applied to real data sets 381
We validated the CCMetagen pipeline using two biological data sets: one defined fungal 382 community (biological data set 1) and one set of environmental samples (biological data set 2). The 383 fungal community was constructed by culturing, pooling and sequencing the same 15 fungal species 384 used in the metatranscriptome simulated in silico (SRA BioProject number PRJNA521097) (Marcelino 385 et al. 2019a) . 386
The biological data set 2 consisted of nine metatranscriptome libraries derived from gut 387 samples from Australian wild birds (SRA BioProject number PRJNA472212) (Wille et al. 2018) . 388
Quality control was performed as described in Marcelino et al. (2019b) . 
